Abstract
Introduction
Mashup service is a new web application model that use existing web services to create composite service [1] . Due to easy use, short development time, and strong scalability of them, lightweight Mashup service becomes very prevalent nowadays, and many Mashup service platform emerge, such as Microsoft Popfly, Google Mashup Editor, IBM Mashup Center, which can well support the development and application of Mashup service [2] [3] [4] . With the rapid development of Mashup technology, there have more and more Mashup services application. For example, to December 25 2013, the famous site ProgrammableWeb [5] possesses 7281 Mashup and 10648 Web API, and the numbers of them are increasing. It is a challenge problem how to recommend user-interested, high-quality Mashup services to user facing so much Mashup services.
This paper proposes a Mashup service recommendation approach based on Content Similarity and Collaborative Filtering, named as CSCF. According to users' invocation records of Mashup services, CSCF firstly computes the content similarity between user history invocation records and Mashup services and gets user interest value. Secondly, user similarity model and service similarity model are designed by using the QoS invocation records of user to Mashup service, and then get the QoS prediction value of active user to target service by using collaborative filtering. Finally, CSCF ranks and recommends Mashup
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User Interest Value
According to the history records of users to Mashup services, the content similarity can be computed and the user interest value can be gained by employing TF/IDF ( Term Frequency/Inverse Document Frequency) technology [20] .
Firstly, Mashup service data include their name, description, the invoking Web APIs, the marking tags, and developer information will be crawled from ProgrammableWeb site and form Mashup service document. Preprocess operation will be performed to remove some meaningless words or symbols, such as +, -, a, an, the, and so on. Based on the history records of user to Mashup service, a big Mashup service document can be built by combining these users' usage history document of Mashup services and form user interest vector by employing TF/IDF algorithm, the corresponding computation formulas are as follows: 
QoS Prediction Value
This section will construct user similarity model and service similarity model by using the invoking records of users to Mashup service, and select apposite similar neighbors and predict QoS missing values for active user.
(1) User Similarity Model
Based on the QoS (e.g., ratings) value of the same Mashup service given by different users, user similarity model will be designed by Pearson Correlation Coefficient, which can be described as follows:
present the similarity between user u1 and u2, 
(2) Service Similarity Model
The same to user similarity model, according to the same invoking user of different Mashup services, service similarity model will be designed by Pearson Correlation Coefficient, which can be described as follows: 
(3) Similar Neighbor Selection and QoS Missing Value Prediction
After finish user similarity and service similarity computation, the user similar matrix and service similar matrix can be gotten to predict QoS missing value.
Firstly, two similar neighbors set Set (u) and Set (i) will be generated by the user similar matrix and service similar matrix.
Secondly, predict QoS missing value of target user by using user similarity computation for Set (u). Similarly, predict QoS missing value of target user by using service similarity computation for Set (i).
Where, i . Finally, combine the predicted QoS missing value of target user by using user similarity computation and service similarity computation, and perform c omprehensive prediction according to the following formula.
The Total Recommendation Value of Mashup Service
Based on the user interest value of formula (6) and the QoS prediction value of formula (11), the total recommendation value of all Mashup service can be computed and denoted by formula (12). (12) Where, λ is users' preference value. The larger TRV(i) indicate that the recommended Mashup service i not only well-interesting to user, but also high-quaility to user.
= + ( -) TRV(i) λUIV(i) 1 λ PRE(i)
In short, CSCF can rank and recommend Top-k Mashup services with wellinteresting and high-quality to user by decreasing TRV(i) .
Experiments
Experiments Settings and Evaluation Standard
Based on the users' QoS (e.g., ratings) values (1~5) of 100 Mashup services crawled from Programmableweb site, we randomly generate the ratings values of 50 users to 100 Mashup services, and build 50*100 user-service matrix. Furthermore, assuming user have used 10 Mashup services of the crawled Mashup services set, which will form user interesting value of Mashup services.
Experiment Comparison and Analysis
There have other four recommendation approaches for experiment comparison and analysis, respectively are Mashup service recommendation approache only based on collaborative filtering (denoted by CF-Based) when λ=0 in the formula (12) , only based on content similarity (denoted by CS-Based) when λ=1 in the formula (12) , based on collaborative filtering of users (denoted by UPCC [21] ), based on collaborative filtering of services (denoted by IPCC [22] ).
(1) User Interest Relevance
The purpose of user interest relevance experiment is to evaluate the user interest relevance of Top-K Mashup service. Aiming to CSCF, CF-Based and CS-Based，the DCG defined by formula (13) is used to evaluate the relevance degree between user interest and Top-K Mashup service recommendation list. 
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Where, p is the rank position of Mashup service i in the Top-K Mashup service recommendation list, From the above Figure 3 we can see that the DCG value of user interest value for Top-K（k=5/10/20/30） Mashup service produced by CSCF is much higher than CFBased, and slightly lower than CS-Based. For example, in the Figure (3a) , the DCG values of CSCF is 3.52, CS-Based is 5.76, and CF-Based is 0.29 when k is 20 andλ is 0.7. This illustrate that the recommended Mashup service by CSCF have the higher user interest degree. Moreover, the DCG value of CSCF is reducing with the decreasing of λ . For example, in the Figure (3b) , the DCG value of CSCF is 2.86 when k is 20 andλ is 0.3. This illustrate that the user interest degree of the recommended Mashup service is reducing with the decreasing of user interest preference.
(2) Mashup Service Rating Relevance
Similarly, the purpose of Mashup service rating relevance experiment is to evaluate the service rating relevance of Top-K Mashup service. Aiming to CSCF, CF-Based and CS-Based，the DCG defined by formula (14) is used to evaluate the relevance degree between service rating and Top-K Mashup service recommendation list. 
2 log (14) Where, p is the rank position of Mashup service i in the Top-K Mashup service recommendation list, As can be seen from the above Figure 4 , we know that the DCG value of service rating value for Top-K（k=5/10/20/30） Mashup service produced by CSCF is much higher than CS-Based, and slightly lower than CF-Based. For example, in the Figure  (4a) , the DCG values of CSCF is 35.1948, CS-Based is 11.3192, and CF-Based is 48.6016 when k is 20 and λ is 0.7. This indicate that the recommended Mashup service by CSCF have the higher service rating degree. In addition, the DCG value of CSCF is raising with the decreasing of λ . For example, in the Figure (4b) , the DCG value of CSCF is 43.2085 when k is 20 and λ is 0.3. The results show that the service rating degree of the recommended Mashup service is improving with the increasing of service rating preference.
Thus, by the experiments of user interest relevance and Mashup service rating relevance, it can be known that the recommended Top-k Mashup service not only wellinteresting but also high-quality high-quality to user.
(3) Recommendation Performance Comparison
Aiming to CSCF, UPCC and IPCC, the NMAE defined by formula (15) r , is the expected QoS (e.g., rating) value of user i to service j, ˆi j r is the predicted rating value, N is the number of the predicted value. MAE is the mean absolute error, which have be widely used to measure the prediction quality of collaborative filtering. Because there are many QoS attributes for different values and their range, we employ the normalized mean absolute error NMAE to measure the prediction precision. The smaller NMAE display the higher prediction precision.
In this experiment, 50 users are divided into two parts, one is training users, and the other is active users. For active users, the number of given rating values is set to 10, 20 and 30 respectively by randomly removing rating values in user-service matrix. The number of training users is set to 20 and 40 respectively. The prediction precision will be measured by randomly removing a part of rating value of active users and comparing the expected, removed rating values with the predicted rating value. The experiments are firstly performed by removing 10%, 20% and 30% rating values (i.e., training matrix density) in the user-service matrix respectively, and then predict rating missing values and compute the NMAE for UPCC, IPCC and CSCF (λ is set to 0.5 in the formula (12)), which repeatedly run 30 times and take the mean NMAE as experimental results shown in Table 2 , 3 and 4.
From Table 2 , 3 and 4, we can be known that, one is CSCF has the smallest NMAE and the best prediction precision comparing to UPCC and IPCC. The other is, with the increasing of the given rating values from 10 to 30, the values of NMAE are decreasing, which indicate more rating values improve prediction precision. Besides, the growing number of train users from 20 to 40 and training matrix density from 10% t o 30% also improve prediction precision. 
Conclusions and Future Work
This paper present a Mashup service recommendation approach based on content similarity and collaborative filtering to rank and recommend Top-k Mashup service by combining the user interest value and the rating prediction value. The experiments for user interest relevance, Mashup service rating relevance and recommendation performance are conducted to verify the total performance of CSCF, and the results of experiments show that CSCF can effectively recommends Mashup services to user with well-interesting, high-quality and better prediction precision. In future work, we will introduce the provider information of Mahsup service and study Mashup service recommendation from social network and trust aspect.
